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Existing research suggests that individual personality differences
are correlated with a user’s speed and accuracy in solving problems
with different types of complex visualization systems. In this pa-
per, we extend this research by isolating factors in personality traits
as well as in the visualizations that could have contributed to the
observed correlation. We focus on a personality trait known as “lo-
cus of control,” which represents a person’s tendency to see them-
selves as controlled by or in control of external events. To isolate
variables of the visualization design, we control extraneous factors
such as color, interaction, and labeling, and specifically focus on
the overall layout style of the visualizations. We conduct a user
study with four visualizations that gradually shift from an inden-
tation metaphor to a containment metaphor and compare the par-
ticipants’ speed, accuracy, and preference with their locus of con-
trol. Our findings demonstrate that there is indeed a correlation
between the two: participants with an internal locus of control per-
form more poorly with visualizations that employ a containment
metaphor, while those with an external locus of control perform
well with such visualizations. We discuss a possible explanation
for this relationship based in cognitive psychology and propose that
these results can be used to better understand how people use visu-
alizations and how to adapt visual analytics design to an individual
user’s needs.
Index Terms: H.5.m [Information Interfaces and Presentation
(HCI)]: Miscellaneous
1 INTRODUCTION
Graphic designs, such as diagrams and maps, support a user’s ef-
forts to process sensory data, reason about it, solve problems, and
identify patterns [23]. A well-designed visualization accounts for
both the complex preattentive and cognitive processes triggered
when a user views it. The balance of visual elements can dramati-
cally affect the user’s comprehension of the information presented.
As a result of separable and integral feature relationships, using
several elements in conjunction can amplify or dampen a single el-
ement’s effect [13]. Understanding the relations among preattentive
processes, cognitive processes, and visual interfaces is a longstand-
ing goal of the visual analytics community, but evaluating interfaces
in this context is difficult for many reasons. One such reason is the
problem of individual differences.
As visualizations are meant to support complex thinking, they
may be more sensitive to nuances of an individual user’s cognitive







show significant differences in visualization performance based on
personality. Earlier work has found an effect from the personality
dimension known as “locus of control” [10, 11]. This dimension
measures a person’s tendency to see herself as either shaped by or
in control of external events. While the effects of individual differ-
ences such as locus of control have been observed, an explanation
for why those differences arise remains elusive. Early work in this
area employed real-world data exploration systems that differed on
many dimensions, including the use of color, labeling, interaction,
and layout style. Any of these variables may contribute to the effect
of locus of control, making it difficult to directly apply the findings
to visualization design for different user groups.
We propose that layout style is the key variable that determines
the interaction between locus of control and compatibility with dif-
ferent system designs. Our definition of layout encompasses any
differences in the spatial arrangement and presentation of marks in
a visualization. This is to be distinguished from differences in the
visual encoding, that is, how individual data variables are mapped
to individual graphical variables, such as color or size1.
Our hypothesis is that individual differences based on locus of
control are more affected by layout in this sense than by visual en-
coding or interaction style. This hypothesis is based on the idea that
locus of control can provide insight into a user’s tendency to rely
on the external representations that a visualization employs. The
overall arrangement of visual elements in a layout is more likely to
directly affect the nature of this external representation than surface
qualities such as color and shape, or more intangible qualities such
as interaction style.
1.1 Contributions
This paper makes a number of contributions to our understanding
of how personality factors affect how people use visualizations.
• First, we present experimental evidence showing that visual
layout is a key factor in previous findings in individual differ-
ences. Our findings expand on previous work by showing that
the effect of locus of control can still be found when restrict-
ing visualization differences to layout factors.
• Second, we use these findings to argue for a model of visual-
ization use based on a user’s adoption of external representa-
tions. Our findings suggest that locus of control affects the use
of different visualization types by affecting a user’s willing-
ness to adapt to a novel externalization of information. This
framework places these findings in the context of external rep-
resentation as a model for visualization use.
We evaluate our hypothesis in a study with 240 online subjects who
varied in their locus of control. Participants are presented with four
variations of a hierarchy visualization showing phylogenetic data
(Figure 1). These designs include a view that employs a list-like
organizational structure (V1), a view that presents the hierarchy in
1In cases where a variable is directly mapped to spatial position, as in a
scatterplot, that aspect of spatial arrangement is of course part of the encod-
ing. No such mapping existed in the visualizations we study.
a strong containment metaphor (V4), and two designs that fall in
between these extremes (V2 and V3). We hypothesize that users
with a more external locus of control are more willing to adapt their
thinking to unfamiliar visual metaphors than those with an internal
locus of control. We show how locus of control can predict perfor-
mance on inferential task questions using these interface designs.
Specifically, we test the hypothesis that an individual with a more
internal locus of control will show a performance decrease when us-
ing layouts with a strong containment metaphor, while those with a
more external locus of control will not show this decrease. Our find-
ings provide evidence for the externalization model of visualization
use and can inform the design of visualization interfaces adapted to
an individual’s needs.
2 RELATED WORK
There is a substantial history of research in how individual differ-
ences affect interface use in the broader human-computer interac-
tion field, reviewed by Dillon and Watson [6]. A subset of this
research focuses specifically on individual differences in visualiza-
tion, driven by the belief that a reliance on visual and spatial cogni-
tive abilities makes individual differences a potentially greater fac-
tor in this field. We review findings on how cognitive differences
affect visualization use and discuss why locus of control is a poten-
tially significant factor.
2.1 Individual Differences and Visualization
Much of the existing work in the visualization field on the impact
of individual differences has focused on the influence of perceptual
ability on visualization use. Conati and Maclaren [5] find that a
user’s perceptual speed predicts whether a star graph or heatmap
will be most effective. Similarly, Allen [1] finds a role for per-
ceptual speed and spatial scanning ability in search performance.
However, he found that users do not tend to optimize their visual-
ization use for greater search efficiency, and proposes the develop-
ment of user models to automatically guide users toward optimal
strategies. This work shows that perceptual abilities can affect task
performance, but suggests that the connection between these abili-
ties and a user’s cognitive strategies may be less direct.
Taking a more cognitive perspective, Chen [4] found no effect of
spatial ability on participants’ search performance in a visualization
of paper citation links. Cognitive factors did, however, play a role
in users’ subjective feedback; users with high associative memory
rated the interface higher on usefulness, and users with high spatial
ability rated the tasks higher on familiarity. Chen goes on to suggest
that users with varying cognitive abilities may be more or less likely
to impose certain kinds of mental models on data.
A related finding comes from Ziemkiewicz and Kosara [31], who
studied the role of personality and spatial ability in a user’s ease in
switching between incompatible visual metaphors in tree visualiza-
tion use. They found that users with high spatial visualization abil-
ity and a high score on the Openness scale of the Big Five Personal-
ity Inventory [8] were more adept at answering questions despite a
verbal metaphor that conflicted with the visual metaphor of the vi-
sualization they were viewing. Both this work and Chen’s suggest
that users with different cognitive styles may be more or less com-
fortable with adapting their thinking to an external representation.
Tversky et al. [26, 27, 15] have studied how individual differ-
ences in ability impact the extraction of structure and function from
diagrams. They found that participants with high ability form men-
tal models integrating structure and function, while those with low
ability form models dominated by structure. They suggest that
structural diagrams designed for the latter group can be annotated
with functional information for improved comprehension [28].
These findings have begun to build the case that some individ-
ual differences in visual analytics can be attributed to a complex
interaction between the mental model suggested by a visual layout
(a) GVis
(b) NCBI Map Viewer
Figure 2: The two interfaces used in Green et al.’s study [10] of per-
sonality differences in visual analytics use.
and the user’s own cognitive style. However, most previous stud-
ies that show an effect of individual differences either examine a
single system or compare two or more systems with numerous dif-
ferences. In order to apply knowledge of individual differences to
visualization design, it is necessary to make a clearer connection
between personality groups and exactly which factors lead them to
better performance with one visualization over another. An area in
which we argue that such a connection can be found is in locus of
control and visual analytics performance.
2.2 Locus of Control
Much of the direct background for this work comes from Green
et al.’s research [10, 11] on personality factors in visual analytics
use. Their work found effects on interface performance from three
psychometric measures: locus of control (LOC), neuroticism, and
extraversion. Locus of control [24] measures the degree to which
a person sees herself as in control of events (internal LOC) as op-
posed to seeing her fate as controlled by outside events (external
LOC).
Locus of control has been associated with a number of signif-
icant practical outcomes. People with a more internal LOC tend
to be more effective at work [17] and on many academic mea-
sures [7], and are more capable of coping with stress [2]. Locus
of control in an academic setting is also associated with different
learning styles. Cassidy and Eachus [3] found a positive correlation
between external LOC beliefs and a tendency to use “surface learn-
ing” approaches, where the student attempts to fit the demands of
an assignment instead of “deep learning,” which focuses on the un-
derlying principles being taught. Likewise, internal LOC students
were more likely to use a deep learning approach. Such findings
suggest the possibility that locus of control is related to how a user
approaches problem-solving tasks in a novel setting, which may
explain why it influences use of a novel visualization technique.
Green et al.’s work studied the effect of locus of control and other
personality dimensions on both procedural and inferential learning
in a GVis, a visual analytics interface (Figure 2(a)) versus NCBI
(a) V1: Basic Tree View (b) V2: Bordered Tree View
(c) V3: Indented Boxes View (d) V4: Nested Boxes View
Figure 1: The four visualizations used in the study. Each view is showing the same portion of one of the phylogenetic tree datasets.
Map Viewer, a more traditional web interface (Figure 2(b)). The
procedural tasks they studied involved searching for a specific piece
of information in a genomic database, while inferential tasks were
those in which a user had to make a more open-ended compari-
son between two items. In both cases, the tasks were prompted by
questions of the kind found in a typical usability study. The findings
from both experiments suggested that the web table interface was
more conducive to answering procedural questions and the findings
from their first experiment suggest that the visual interface is more
conducive to answering inferential questions.
In the first experiment, they found that participants with an exter-
nal locus of control completed inferential tasks more quickly than
those with an internal locus. This effect was more pronounced in
GVis. In the second experiment, they studied only procedural tasks
and found that, in contrast to inferential tasks, those with an internal
locus of control completed procedural tasks more quickly.
In these studies, there were differences not only between inter-
face structures but also between their interaction techniques. For
example, GVis used a drilling-down zooming technique while Map
Viewer used a menu driven interaction technique. In our work, we
build upon these findings by seeking to isolate the factors of the in-
terface structure that cause the different effects between those with
an internal or external locus of control.
The amount of data we have about how different user types react
to different interfaces is rapidly increasing. Our goal as visualiza-
tion researchers must now be to make sense of this data within the
context of models of the user. In order to apply this knowledge to
improving design, we need to know not just what differences ex-
ist between users, but why. This work is an attempt to answer that
question in relation to Green et al.’s findings on personality and in-
terface design.
3 HYPOTHESIS
Research by Green et al. [10, 11] suggests that locus of control
influences an individual’s use of a complex visualization system.
However, it seems counterintuitive that a personality trait with no
known connection to visual or spatial ability should have any con-
sistent influence over such a complex relationship. We propose that
rather than an interaction between between locus of control and spe-
cific complex visualizations, the observed pattern may in fact be a
correlation between locus of control and visual layout.
For example, consider the nested circles used in the GVis system
from work by Green et al. [10, 11]; these structural elements are
visually dominant due to their unusual shape and large size with re-
spect to the surrounding textual elements. In contrast, Map Viewer
uses a more subtle indentation-based structural expression which
is dominated by text. Apart from using different visual encodings
and interaction styles, these two designs represent significantly dif-
ferent visual layouts of the same underlying data. Exploring how
those layouts differ may help explain why locus of control interacts
significantly with them.
To more closely investigate this correlation, we conduct a com-
parable study in which the test visualizations are more tightly con-
trolled. We restrict the variation between our four test interfaces
to visual layout style, holding interaction metaphor and visual en-
coding consistent across all interfaces. We hypothesize that, even
under this simplified setting, participants with a more internal LOC
will have difficulty with layouts that depend on a strong contain-
ment metaphor, while participants with a more external LOC will
show a greater willingness to adapt to a variety of visual layouts.
4 EXPERIMENT
To test this hypothesis, we performed a user study in which partic-
ipants were asked to answer search and inferential questions about
data in four simple hierarchy visualizations (Figure 1). Like Green
et al., we measured personality traits of the participants beforehand
in order to test whether Locus of Control affects a participant’s abil-
ity to use these visualizations. The four views were designed to
express an increasingly visually explicit containment metaphor for
the hierarchy, ranging from a list-like view that only used indenta-
tion to show hierarchical structure to a view that used large nested
rectangles.
Green et al. [10] used two real-world systems in their work,
which has the benefit of providing a realistic testing environment.
However, this also makes it difficult to isolate exactly which aspects
of the two designs prompted the differing user behavior they found.
As the long-term goal of this work is to assist designers in choosing
how to display information for varying user types, knowing exactly
which elements of the design should be altered is vitally important.
Therefore, our intention in designing the visualizations used in our
study was, as much as possible, to isolate the factor of layout style
which we hypothesized to be the key to these differences.
Before viewing the data, each participant was given a personality
test, including the Locus of Control Inventory [24]. Each partici-
pant was then presented with a series of tasks to perform on each
visualization. The order in which the visualizations were presented
was randomized, and the user’s ability to successfully accomplish
tasks using each visualization was then recorded.
4.1 Participants
We recruited 240 participants over Amazon’s Mechanical Turk ser-
vice. Altogether, it took approximately two days to collect data
from all participants. Mechanical Turk is an online job market in
which people can be recruited for brief tasks and paid for their ef-
forts. This service has become increasingly popular for use in on-
line experiments, as a large number of relatively diverse participants
can be processed very quickly [14]. Reservations remain about us-
ing Mechanical Turk among the human-computer interaction and
visualization communities. However, since Mechanical Turk helps
correct for a number of the traditional limitations of online studies,
such as the possibility of vote flooding and the lack of incentive
for completion [19], it is gradually becoming more accepted as a
user study platform. It can be particularly useful in studies such
as this, in which there is a ground truth by which to measure re-
sults [18] and the possibility of incentivizing accurate responses
through bonuses [19].
That said, some limitations remain with interpreting online stud-
ies in general. Chief among these is environmental control. In an
online study, it is impossible to know whether a participant’s envi-
ronment is noisy or distracting, or whether the participant is doing
something else while performing the study. While these limitations
should be kept in mind, this is a study with a clear ground truth
and a task that should not be strongly affected by varying comput-
ing setups. In addition, our task questions were designed not to be
answerable using a search engine. Under these circumstances, we
argue that the advantages of using Mechanical Turk to obtain a high
number of users outweigh the potential issues.
Of the 240 participants, four did not report their age or gender.
Of the rest, there were 124 males and 112 females. Self-reported
age ranged from 18 to 62, with a mean of 26.7 (σ = 9.5). Our
participants reported an average Locus of Control score of 3.61
(σ = .59). This is slightly lower than scores reported in other publi-
cations that use this particular scale [12, 20]. For example, Lapierre
and Allen [20] find a mean Locus of Control of 4.03 (σ = .61) for a
participant pool of 205 employees in various professions. This dif-
ference may reflect the broader demographics of Mechanical Turk
workers versus participants in traditional psychological studies. Lo-
cus of control in particular is often studied in the context of work or
education, meaning the participants in these studies may have dif-
ferent educational or economic backgrounds than the general popu-
lation. However, as we did not collect such demographics from our
participants, we can only speculate on this point.
4.2 Materials
Participants were initially given two questionnaires to measure the
aspects of their personality which are relevant to our hypotheses: a
scale to measure the Big Five personality dimensions of Extraver-
sion and Neuroticism and a Locus of Control scale to measure the
degree to which they see themselves as in control of or controlled
by external events. Both scales were taken from the International
Personality Inventory Pool [9] and were combined to form a 40-
question survey. Neuroticism and Extraversion were included for
comparison with Green et al.’s results, but are not the focus of the
current analysis.
Green et al.’s study used two fully functional data exploration
systems with many differences between them. For our study, we
wish to isolate as much as possible the variable of layout style, and
and so we created a set of four very specific visualizations (Fig-
ure 1). The first of these, V1 (Figure 1(a)) displays a tree in a
simplified Windows Explorer style, using only indentation to in-
dicate hierarchical relationships. This is representationally similar
to the webpage organization used by Map Viewer in Green et al.’s
work. The fourth view, V4 (Figure 1(d)) uses a nested boxes display
that relies heavily on the visual metaphor of hierarchy as contain-
ment [30]. Although it uses rectangles rather than circles and a very
different interaction style, this view is representationally similar to
the nested bubbles of the GVis visual analytics system.
Between these two extremes, we designed two intermediate
views. V2 (Figure 1(b)) is very similar to the indentation style of
V1, but adds borders around the tree nodes to suggest a containment
metaphor. V3 (Figure 1(c)) breaks the strictly vertical layout style
used in V1 in favor of a horizontal layout closer to that used in V4,
but still employs indentation to organize the levels of the hierarchy.
These views are intended to provide cases that interpolate between
the two layout styles used in Green et al.
Our use of such simplified views may raise the concern that our
results do not directly apply to more realistic visual analytics sce-
narios. However, since we are partially attempting to replicate re-
sults from a study that employed real-world analysis systems, we
feel this approach is complementary to previous work. If our re-
sults are similar to those found by Green et al, it would demonstrate
that this simplification still maintains the important differences be-
tween the systems used in their study.
Furthermore, if a trend can be found to increase from V1 to V4,
it would show that our intermediate views do indeed capture the
major differences between the two views. Since the intermediate
views primarily differ in the degree to which they express either a
list-like or containment metaphor, this could support our argument
that the finding is largely based on the different user groups’ will-
ingness to adapt to one metaphor over the other. That said, layout
Figure 3: Tooltip showing species-level data.
is a complex factor that by nature is made up of many dimensions.
While this study design is intended to keep these layout differences
as controlled as possible, there are like other aspects of the layout,
such as data-ink ratio or size of visual elements, which cannot be
entirely ruled out as factors. Nonetheless, this study design can at
least test whether layout factors in general can lead to a locus of
control effect without differences in visual encoding or interaction.
Apart from these specific design differences, we attempted as
much as possible to maintain consistency between the four views.
They all use the same font size and folder icons. Each visualization
also has the same interaction style, based on a collapsing folders
metaphor such as that seen in a standard desktop file system. This
may somewhat bias the results in favor of V1, which most closely
resembles the interfaces used in file systems. Nonetheless, we ar-
gue that maintaining interaction consistency is important enough
for isolating design factors that this is worth the tradeoff.
In addition, we implemented the restriction that only one sub-
tree could be open at one time. If a user expanded one branch of
the hierarchy and then attempted to expand a node in an uncon-
nected branch, the first branch would automatically collapse. This
was intended to keep the amount of potentially visible information
consistent across the four views. Having several subtrees open is
fairly easy in V1, which is purely vertical, but it would be difficult
or impossible to open an infinite number of subtrees in V4 without
making the lower-level nodes too small to display an entire label.
Finally, to see genome data about individual species, the partici-
pant hovered the mouse over the species name to bring up a tooltip
(Figure 3). Our goal with this simple if not necessarily intuitive in-
teraction style was to keep the four views as consistent as possible
except in how they visually organize the space.
The datasets presented in these four visualizations were four sub-
sets of the full taxonomic tree from the National Center for Biotech-
nology Information’s Genome database [22]. Each dataset consists
of a phylogenetic tree where the leaf nodes are individual species.
At the leaf level, there is some data on the genome mapping data
available for that species, such as the date the entry was updated and
the number of proteins and genes in the database. This is similar to
the data used in Green et al., but does not include all the informa-
tion found in the Map Viewer subset of the same database. In our
case, we chose to show less data at the leaf level in order to present
more data overall and more complex trees. The four datasets had,
on average, 98.75 leaf nodes (i.e. individual species) and 114.75
non-leaf nodes in the phylogenetic tree. Details for each individ-
ual dataset are shown in Table 1. There was some variety in the
branching factors and overall structure of the trees, although this
was not carefully controlled for. However, since the datasets were
ultimately balanced with respect to the view types, these differences
should not affect our results substantially.
We considered the unfamiliarity of the datasets to be beneficial to
Table 1: The size of the four datasets used in the study.





our study, since we could trust that participants would need to con-
sult the views in order to answer the task questions we presented
them. Following Green et al. [11], these questions were divided
into search tasks and inferential tasks. In both cases, tasks took the
form of questions that participants were expected to consult the vi-
sualization to answer. This is similar to the methodology used in
most visualization evaluation studies. These two question types are
meant to represent simple data lookup and more complex analyt-
ical tasks, although they are simplified versions of the real-world
versions of these tasks. We expect to see more differences in the
inferential questions, since these are more likely to require under-
standing of the structure of a dataset rather than simple navigation
ability.
The search questions asked the participants to find a single
species within a classification that had a certain property. For ex-
ample, “Within the classification ‘Batrachuperus,’ which species
was most recently updated?” The verbal metaphor for tree struc-
ture used in these questions was varied between a levels and con-
tainment metaphor, to avoid any potential confound of metaphor
compatibility [30]. Participants were asked to write the name of
the species they found within a text field. The inferential ques-
tions were more open-ended, asking the participant to find a certain
classification, then find another classification in another part of the
taxonomy that had something in common with the first. For exam-
ple:
Under “Anura,” find the classification “Bufo” and note
the subclasses it contains. There is another classifica-
tion under “Mesobatrachi” that has something notable
in common with “Bufo.” Find that classification.
This was usually a similar pattern of names or numbers of
species that fell under the classification. For example, the classi-
fication “Bufo” contained a classification also called “Bufo,” and
the correct answer was another classification that contained a child
node with the same name as itself. Since correctness may be harder
to judge in such a question with a free text response, participants
in this case chose their response from a list of four multiple choice
answers (as well as a “None of the Above” response). Each dataset
was associated with two task questions: one search question and
one inferential question. Participants therefore saw eight task ques-
tions altogether (Table 2).
4.3 Procedure
After selecting the study task from the Mechanical Turk website,
participants were first asked to fill out the 40-question personality
scale by rating each item in the scale from 1 (strongly disagree) to
5 (strongly agree). Once they were done, they read instructions on
the main portion of the experiment.
The main portion of the experiment consisted of four sessions,
one with each of the four views. The sequence in which participants
saw these views was counterbalanced to prevent ordering effects.
Each view was randomly associated with one of the four datasets.
Table 2: The eight task questions seen in the study.
Dataset Question Type Question
Amphibia search Within the classification “Batrachuperus,” which species was most recently updated?inferential Under “Anura,” find the classification “Bufo” and note the subclasses it contains. There is another classification
under “Mesobatrachia” that has something notable in common with “Bufo.” Find that classification.
Aves search Under the classification “Falco,” find the species with a “Length” value over 18000.inferential Looking in “Sphenisciformes,” find the classification “Eudyptula” and note the species under it. Now look in
“Threskiornithidae” for a classification that has something notable in common with “Eudyptula.”
Eutheria search Within the classification “Tarsius,” find the species which was most recently updated.inferential Under “Caniformia,” find the classification “Canis” and note the subclasses and species it contains. Now find another
classification under “Ursidae” that has something notable in common with “Canis.”
Lepidosauria search Under the classification “Bipes,” find the species with the lowest “Length” value.inferential Within “Scincomorpha,” find the classification “Lacerta” and note the species under it. Now look in “Crotalinae” for
a classification which has something in common with “Lacerta.”
Figure 4: The basic study setup, showing a search task question.
Each participant saw all four datasets, but they appeared with equal
probability in all four views.
When they first saw the visualization, participants were asked to
familiarize themselves with it for as long as they wanted. When
they were done, they clicked on a button labeled “Start” and were
presented with the search question. They again had as long as they
needed to interact with the visualization and find the answer. When
they were satisfied with their answer, they clicked on a “Ready to
Answer” button and were presented with a text field to fill in their
answer. At this point, interaction with the visualization was locked.
The purpose of this was to separate response time into the actual
interaction time, without the time needed to type in the answer. A
screen capture of this study setup is shown in Figure 4.
After answering the search question, the participant was pre-
sented with the inferential question for the same dataset. We pre-
sented the questions in this order since the inferential questions are
naturally more difficult than the search tasks, and answering the
search question would presumably give the user time to learn the
basics of navigating the interface. The procedure for the inferen-
tial question was the same as for the search question, except that
participants were presented with a set of multiple choice responses
instead of a text field. These responses were presented in random
order and were not visible during the interaction period.
Once both questions were answered, participants were shown
a brief four-question preference survey on how much they liked
the visualization. This survey included statements such as, “The
system was easy to use,” and “I enjoyed using this system.” As in
the personality scales, participants rated how much they agreed with
each of these statements on a five-point scale. After completing all
four visualization sessions, participants were asked to provide their
age, gender, and any comments about the study in a form on the
Mechanical Turk site.
We measured the time a participant took in their initial training
period, the time taken in the interaction period, and the time taken to
record their response, as well as whether their response was correct
or incorrect. In addition, we calculated each participant’s Locus
of Control based on their personality scale responses, and averaged
their preference survey responses to generate a Preference Score for
each of the visualizations they used.
5 RESULTS
Our task questions proved to be quite difficult, with an overall ac-
curacy of 68.6% correct responses on search tasks and 47.1% on
inferential tasks. This difficulty, and the large amount of time spent
interacting with the views, should be kept in mind when inter-
preting the following results. Across all participants and question
types, no view condition was more or less difficult in terms of ac-
curacy (χ2(3,N = 1919) = 3.7, p = .29) or correct response time
(F(3,1109) = .57, p = .63). As our primary interest is in how these
results varied with a participant’s personality scores, further analy-
sis focuses on participants grouped by personality type. Generally,
we found support for our hypothesis that participants with a more
internal LOC would have more difficulty with views more similar
to V4. While we found that participants with a more external LOC
did perform very well with V4, we did not find a corresponding
trend in which they performed more poorly on views similar to V1.
5.1 Effects of Locus of Control
We initially divided participants into three groups based on their
score on the Locus of Control scale. Participants with a score lower
than one standard deviation from the mean (i.e. less than 3.01) were
classified as external LOC users. Those with a score greater than
one standard deviation from the mean (i.e. greater than 4.21) were
classified as internal LOC users. The rest were classified as average
LOC users.
The independent variables we analyzed to test our hypothesis
were Question Type (search task versus inferential task), View Con-
dition (V1, V2, V3, or V4), and LOC Group (external, average,
or internal). Our overall model was therefore a 2x4x3 Univariate
Analysis of Variance (ANOVA). This overall model was significant
for the variable of Correct Response Time (F(23,1109) = 10.67,
p < .01). Correct Response Time only included correct responses,
and represents only the time that a participant spent interacting with
the view, not the time spent writing or choosing her response.
In addition, there were significant main effects of question type
(F(1,1109)= 158.86, p< .01) and Locus of Control (F(2,1109)=









































Figure 5: Response time for correct answers only across the four
view conditions and three Locus of Control (LOC) groups. Partici-
pants with a highly internal LOC, who see themselves as in control of
external events, were much slower than other participants at answer-
ing question in V4, a visualization that uses a strong nested-boxes
visual metaphor. Participants with a highly external LOC, who see
themselves as controlled by outside events, are relatively more likely
to perform quickly on V4.
faster than the more difficult inferential questions. Overall, in-
ternal LOC participants were slower at answering questions cor-
rectly (M = 183.4 seconds, σ = 11.6) than external LOC par-
ticipants (M = 147.9 seconds, σ = 10.3). There was also a
significant interaction between view condition and question type
(F(3,1109) = 3.01, p < .05) and between question type and LOC
group (F(2,1086) = 5.93, p < .01). The reason for the latter is that
internal LOC participants are much slower than the others on infer-
ential tasks, but are the same speed when answering search tasks.
The source of the interaction between view and question type is
that, while inferential questions were answered more slowly than
search questions in all views, this difference was significantly larger
in V3. For inferential questions, V3 produced the slowest response
times of all views, while it produced the fastest for search tasks.
The results relevant to our main hypothesis are summarized in
Figure 5. We found that participants with an external LOC answer
questions in V4 (the nested boxes) faster than other participants, al-
though they answer questions in V1 faster as well. Internal LOC
participants show a clear trend of slower performance from V1 to
V4, although there is no distinction for these participants between
V3 and V4. Average LOC participants show no response time dif-
ference between the four views.
In addition, we found that raw Locus of Control score corre-
lates significantly with correct response time on nested boxes but
no other condition (r(104) = .23, p < .05). For search tasks, there
was no significant response time difference for any participants be-
tween the four views.
To test overall accuracy, we used a Pearson’s chi-square test on
correctness and grouped Locus of Control. Participants with an ex-
ternal LOC answered more questions correctly overall (χ2(2,N =
1919) = 7.7, p < .05), possibly due to their better performance on
conditions V3 and V4. These results are summarized in Figure 6.
5.2 Other Findings
In addition to the personality variables that we measured, we an-
























Figure 6: Percentage of correct answers across the four view condi-
tions for participants grouped by their Locus of Control score. Par-
ticipants with a more external locus of control were more accurate
overall, while the other groups performed poorly with V4.
formation we collected from participants. According to a repeated
measures ANOVA on the preference scores for each visualization,
V1 and V2 were rated significantly more positively than V3 and V4
(F(3) = 15.09, p < .001). These preference ratings displayed no
significant correlation with accuracy or response time. There was
also no relationship between locus of control and preference ratings
for any of the four views.
Female participants answered more questions correctly than
male participants (t(231) = −2.31, p < .05). We found that the
age of participants correlated positively with overall response time
(r(1893) = .13, p < .001), so that older participants took more time
interacting with the interfaces. Age had no effect, however, on ac-
curacy, and did not correlate with any of the personality measures.
In the following sections, we will discuss these implications of
these findings for our hypothesis and for visualization design in
general.
6 GENERAL DISCUSSION
In general, we replicated previously reported effects of locus of con-
trol in a simplified design that isolates the factor of overall layout
style. This supports our main hypothesis that the significant factor
of system design that interacts with locus of control is the way that
visual elements are spatially arranged and presented, rather than in-
teraction or visual encoding. This clarifies the earlier findings and
points towards a potential explanation for this effect rooted in the
relationship between locus of control and use of external represen-
tations.
6.1 Replication and Expansion of Previous Findings
Our results replicated those of Green et al. [10, 11] in some cases
but not completely. Error rates across the two experimental designs
are not directly comparable, as in their case, participants were al-
lowed to try as many times as needed to answer a question correctly,
with each mistake recorded as an error. However, in both our study
and theirs, we found that participants made more errors overall in
the containment-metaphor visualization than in the more list-like
view (V1 in our case, Map Viewer in theirs). More significantly,
in both our work and theirs, participants with an external LOC re-
sponded faster to inferential questions than did participants with an
internal LOC, particularly in a visualization with a containment-
based visual metaphor (V4 in our case, GVis in theirs).
Together, these two sets of findings provide evidence that the ef-
fect of locus of control on visualization use is a robust one. Users
with either an internal or external locus of control show perfor-
mance differences in general on data exploration tasks, and ad-
ditionally, each group performs better with different visualization
styles. This suggests that locus of control is a variable that merits
further study, and that personality differences are a valuable topic
of research in visualization.
In general, we did not replicate their findings on search ques-
tion response times. They found that internal LOC participants re-
sponded faster to search questions in GVis. However, their com-
pletion times for these tasks included any incorrect responses and
subsequent guesses made by participants, so for these questions our
response times are not directly comparable. This was not the case
for the inferential questions, where they recorded only the time to
make a single response.
Since our search questions were relatively difficult, it is unlikely
that the lack of an effect in these questions is only a matter of per-
formance differences not appearing in easier tasks. We speculate
that the inferential questions forced the users to think in terms of
the structure of the data to a greater degree. The search questions
may have simply measured a participant’s ability to navigate the in-
terface quickly, while the inferential questions asked them to char-
acterize parts of the data in an open-ended fashion. Participants
may have interpreted these questions in a variety of ways, allowing
the structural elements of the visualization design to play a greater
role in their thought process.
Although external LOC participants were faster than other par-
ticipant groups at answering questions in V4, they were equally
fast in V1. This finding does not fit our original hypothesis that in-
ternal and external participants prefer different types of visual lay-
outs. It may be that the very high familiarity of tree menus like V1
created a training effect that caused it to break the overall pattern.
However, given the evidence, we cannot conclude that external par-
ticipants perform better with containment views than with list-like
views. Rather than a clear trend of group preference, a better inter-
pretation of our results may be that external LOC participants are
generally better able to answer inferential types of questions using
unusual visualization layouts. An experiment that removes the po-
tential confound of a highly familiar view would be needed to test
which interpretation is better supported.
Familiarity may also explain the higher preference scores across
all participants for V1 and V2, although it is interesting that there
was no correspondence between preference and performance. It is
also possible that this lack of a relationship may reflect the fact that
our participants were paid a bonus for correct responses, and there-
fore had an incentive to perform well despite disliking the interface.
In any case, people may have felt that V3 and V4 were especially
confusing due to their unusual appearance, but they were just as
capable of answering questions with these interfaces.
6.2 Locus of Control and External Representations
By isolating the variable of layout style in this study, we have shown
that simplified layout changes alone can produce locus of control
effects similar to those found in a more realistic user study. This
provides evidence that layout is a key factor in mediating this ef-
fect, independent of the effects of interaction style, visual encod-
ing, and general differences between traditional interfaces and vi-
sual analytic systems. Although the current work does not directly
support a causal explanation, we can speculate on why the different
layouts we designed interacted with participant locus of control the
way they did. We argue that the explanation for the behavior we
observed is that participants with an external locus of control are
willing to adapt more readily to visualization styles that employ a
strong structural metaphor.
The four views in our study range from one (V1) which is dom-
inated by white space and uses subtle visual organization to one
(V4) which is dominated by screen elements expressing a visual
metaphor of nested boxes. We argue that these views essentially
represent a progression from visually implicit hierarchical structure
to structure made visually explicit through layout and the use of
lines and fills. V1 (Figure 1(a)) uses only a single dimension of
spatial organization (horizontal indentation) and makes little dis-
tinction between leaf nodes and parent nodes. These factors make
the hierarchical structure of the data less explicit. For example, two
sibling nodes (such as Rhinocerotidae and Equidae in Figure 1(a))
can be visually separated to the point that their relationship is not
immediately obvious. Because of this, we argue that V1 is the least
structurally dominant of the four views.
After V1, each visualization in the sequence adds at least one
visual element used to draw attention to the hierarchical struc-
ture of the data. The borders in V2 (Figure 1(b)) slightly em-
phasize the nesting of child nodes within parent nodes; for ex-
ample, Rhinoceros and its two children are clearly grouped. V3
(Figure 1(c)) takes this further by highlighting the names of parent
nodes and arranging child nodes horizontally to emphasize a spatial
metaphor of containment. Finally, V4 (Figure 1(d)) gives the parent
node a strong visual emphasis with centering and a title bar and col-
lects the child nodes together at the top of the parent to make sibling
relationships obvious. This is the least “list-like” of the four views
and uses the most “ink” and screen space to express hierarchical
relationships.
The connection between this use of explicit visual structure and
locus of control may be explained by the body of thought that views
visualization as an external mental representation. The field of dis-
tributed cognition [16] sees mental processes such as problem solv-
ing and memory as relying not only on knowledge stored in the
mind, but also on knowledge stored in a person’s environment, in
the form of physical objects, information artifacts, and other peo-
ple. Applying this perspective to visualization, Liu et al. [21] have
argued that a primary benefit of visualization is the externalization
of information. Externalization makes problem-solving more ef-
ficient and accurate by substituting quicker perceptual processes
for cognitive processing of information. Furthermore, studies have
shown that the form of these representations can influence problem-
solving strategies.
Users with an external locus of control are those who expect the
outside world to dominate their fate. Taking a distributed cogni-
tion approach, it is possible that these users also rely more heavily
on outside representations, rather than internal mental representa-
tions, when solving problems or making sense of information. Con-
versely, those with an internal locus of control may prefer to per-
form cognitive tasks more internally, relying less on external repre-
sentations. In general, this makes people with an internal locus of
control more adept at problem-solving and learning, as the exten-
sive literature on locus of control has shown. However, it is possi-
ble that this same tendency to rely on internal representations may
make it more difficult to use the complex external representations
found in a visual analytics system.
If this is indeed the case, a visualization with a highly explicit
and unfamiliar visual structure may be more jarring for an internal
LOC user. Someone with an external locus of control may be more
willing by nature to adapt her thinking to the external representa-
tion, while the user with an internal locus may be going through
a more difficult process of fitting the external representation to her
own ideas of what the data is like. Cassidy and Eachus’s work [3],
discussed in Section 2.2, implies that the “surface learning” ap-
proach taken by external LOC students is academically harmful,
and based on well-established findings in locus of control research,
this does seem to be the case in general. However, this very ten-
dency to focus on surface structure may be beneficial in the context
of learning a new visualization system. Our external LOC partici-
pants were just as fast with a novel visualization as they were with
the kind of indented list they see on their computer desktop every
day. There may be other ways of interpreting these effects, and
for now, this is a hypothesis for future research, not a firm conclu-
sion. Nevertheless, this potential ability to make an advantage out
of a personality style that is usually considered problematic sug-
gests intriguing future directions in the application of visualization
to learning.
Taken together with previous work, these findings contribute to
the case for an externalization-based view of how people perform
complex tasks with a visualization. Furthermore, they imply that
this externalization process varies greatly between people and sit-
uations, which may be a significant factor in the difficulty of con-
trolling and intepreting evaluations of visualization systems. We
discuss the implications of these findings for design and evaluation
in the following section.
7 DESIGN IMPLICATIONS
This study and others like it provide mounting evidence that per-
sonality and design style can have a significant effect on whether
a user accepts a visualization design. It is possible that a user’s
personality can serve as shorthand for subtle cognitive style dif-
ferences that are not easily measureable otherwise, but which gain
importance in the exploratory context of visualization use. When
we give users a novel visualization, we are essentially asking them
to give up some control over their thinking processes. Some users
will find this helpful, while others may find it a hindrance. We ar-
gue that a visualization designer should have a sense of how willing
a given user will be to take on an external representation, and know
how to design a visualization that makes it more or less difficult to
ignore the structural aspects of that representation.
Based on our findings, a useful guideline for adaptation would be
to increase the amount of explicit structure for users that might have
a more external locus of control. Users with a very internal LOC
will most likely perform best with a visualization style that uses
simple spatial organization and minimal borders, outlines, and other
grouping elements. In practice, this type of design may correspond
to the maximized “data-ink ratio” argued for by Tufte [25]. External
LOC users, on the other hand, may perform more efficiently with
a visualization style that violates this classic guideline by including
more non-functional elements such as borders, fills, and outlines to
call attention to a specific information structure. In addition, this
type of user may have an easier time working with visualizations
that use a two-dimensional spatial layout to organize information.
Although it would usually be impractical to directly measure a
user’s locus of control and adapt the visualization accordingly, it is
still possible to use this principle to guide design. Our perspective
sees locus of control as predicting the degree to which a user will,
by innate disposition, prefer her own internal mental models (inter-
nal LOC) versus being willing to adapt to an external representation
(external LOC). This general principle, then, may apply in other sit-
uations where users are likely to prefer a pre-existing mental model
or problem-solving process for reasons other than personality. Ex-
pert users, for example, may be more resistent to visualizations with
highly explicit structure. Likewise, a user group with a highly stan-
dardized analysis process should be given visualizations with a low
structural emphasis. A user group which is likely to approach a
problem in a more exploratory mode may find it easier to work
with a visualization that makes the structural organization of data
more explicit.
Visualization, especially in the context of more complex, open-
ended problems, involves explorations that can require search, or-
ganizing and filtering, inference-building, and iteration in combi-
nations that cannot be predicted beforehand. The results presented
in this paper and the design guidelines suggested will be important
in the construction of effective visualization tools and methods for
this open-ended cognitive process. In addition to telling us some-
thing about where adaptation to personality type can be significant,
the results tell us where adaptation is less so, permitting the freer
use of visual representations and interaction styles determined by
other factors. All this will help lead to the development of a model
of human reasoning in the presence of automated analysis, which is
of central importance to the emerging field of visual analytics.
8 FUTURE WORK AND CONCLUSION
In subsequent work, we hope to combine these findings with other
work in individual differences to pursue more complete models of
the visualization user. As Yi [29] has argued, major advances in un-
derstanding these individual differences must come from collecting
knowledge across studies. This work is one attempt at doing so, and
much more can be done to find commonalities among the measures
and findings on how users adapt to visualizations.
In this paper, we have contributed findings on how users with
different personality types react to varying layout styles used in a
hierarchy visualization. We found evidence that systematic differ-
ences in layout style can indeed influence a user’s response time
and accuracy with different types of visualizations that are infor-
mationally equivalent but differ in layout. These findings seem to
fit a pattern in which users with a more external locus of control are
more efficient at using a visualization which uses a highly explicit
visual metaphor than users with a more internal locus of control.
We hope that these findings can serve as a step towards better un-
derstanding of why subtle differences between users’ personality
styles can have a surprising influence on visualization use.
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